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Abstract 
Data on household travel patterns represent key information to the development of travel demand models. The technology of 
Global Positioning Systems (GPS) may substitute or be used in association with traditional data collection approaches. However, 
it is important to know how the quality of this information influences the results for planning purposes, such as in travel demand 
analysis. The objective of this study is to evaluate the influence of different sources of travel information - GPS-recorded 
compared to self-reported - in travel demand models. Several structures of discrete choice models were tested to represent choice 
behavior: multinomial logit, mixed logit with random coefficients and nested logit, trying to include possible correlations 
between alternatives and heterogeneity of individuals. 
Subjects were recruited from a list of contacts of the Transport Laboratory at the Federal University of Rio Grande do Sul, Brazil. 
The results showed that GPS technology collects the travel patterns more precisely reducing the bias by collecting data from 
short trips not reported in traditional surveys. The models estimated with GPS data showed greater significance due to less 
measurement error. The cost of processing GPS information must be considered. An adequate modeling with self-reported data, 
by more complex models incorporating heterogeneity and correlation among alternatives, allowed an equivalent adjustment to 
those estimated with GPS data. The self-reported data is less precise due to respondents under / overestimation of travel times. 
 
More complex models allow capturing measurement errors inherent to self-reported travel surveys. 
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1. Introduction 
Data on household travel patterns represent key information to the development of the travel demand model. In 
some countries, the conventional approach for collecting such data is based on telephone interviews (CATI 
Computer - Assisted Telephone Interviewing). In others, such as in Brazil, the information is obtained from 
household interviews. Studies indicate that these approaches, based on self-reported information by respondents, 
have limitations that can seriously impair the quality and quantity of information (Wolf, Oliveira and Thompson, 
2003; Bohte and Maat, 2009). The difficulty of the respondents in understanding the questions in the survey, and the 
reporting limitations of the respondents, due to the time and effort spent on remembering and reporting detailed 
travel information, are among the main aspects (Bricka and Bhat, 2009). 
The technology of Global Positioning Systems (GPS) may be used in place of or in conjunction with traditional 
data collection approaches. Mobile receiving devices, called GPS receivers, receive satellite signals and can 
determine the receiver's location as well as time information under all weather conditions, at any time and at any 
place on Earth, if the receiver is in the field of view of four GPS satellites (Wolf, 2004; Wagner, 1997; Stopher, 
Prasad and Zhang, 2010). 
Experimental research of origin and destination survey using GPS is being conducted from 2008, primarily in the 
United States. Studies, such as those developed by Stopher et al., 2012; Lee et al., 2012; Gong et al., 2011; Bricka et 
al., 2011; Houston et al., 2011 and Bohte and Maat, 2009, showed the applicability of this technology in obtaining 
travel information. However, the data recorded by GPS devices do not directly produce travel information. The 
recorded data must be processed to extract travel information. Thus, data collection using GPS involves significant 
resources of time and money. 
Previous studies have examined the accuracy of the reported and recorded information. However, it is important 
to know how the quality of this information influences the results for planning purposes, such as in demand analysis, 
in order to understand the individuals´ decision of travel mode. The intention of this work is to contribute to this end. 
The objective of this study is to evaluate the influence of the accuracy of travel information - GPS-recorded 
compared to survey-reported - in travel demand models. In order to do so, modal choice models were estimated 
using GPS-recorded data and survey-reported by respondents in household interviews for the period of two days. 
Several structures of discrete choice models were tested to represent choice behavior: multinomial logit, mixed logit 
with random coefficients and nested logit, trying to include possible correlations between alternatives and 
heterogeneity of individuals.  
The rest of this paper is organized as follows. Section 2 discusses the data collected from the origin and 
destination survey and other data used in the modeling process, Section 3 describes the modeling approach, and 
Section 4 presents the results from the mode choice models. The paper ends with conclusions about the use of GPS-
based methods for the collection of travel behavior data and a discussion about future possibilities. 
2. Data  
The data consists of GPS observations and self-reported information, collected in household interviews, from a 2-
days travel survey. The survey was conducted in 2013 in Porto Alegre, south of Brazil. A total of 72 individuals 
were randomly selected from a list of contacts of the Transport Laboratory (Federal University of Rio Grande do 
Sul).   
The GPS device used for the data collection was the wearable Transystem i- Blue 747A +. The device was chosen 
based on the study of Lee and Wolf (2010), who’s analyzed the performance of different GPS devices in origin and 
destination survey. All participants were asked to bring a GPS device on all trips undertaken within a period of 2 
days, both weekdays and weekends. Additionally, a face to face interview was conducted with each respondent, 
corresponding to both days for which GPS data was also collected. This enables to compare both data source. 
In order to develop mode choice models, supplemental data of the alternative transport modes for each trip was 
used.  Time and cost data of transportation alternatives available for each trip was estimated. The supplemental data 
used for each trip are described in section 2.2. 
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2.1. GPS- recorded and survey-reported data  
The data generated by the GPS devices consisted of a lot of raw data with detailed trip information including: 
record ID, latitude and longitude, date and time, and instantaneous speed. The recorded data had to be processed to 
extract travel information. Three different softwares were used for this purpose: (i) BT747 - to import the 
information from the GPS to the computer memory, (ii) GPS Trackmaker - to view the routes graphically, clean GPS 
points and identify trip legs, and (iii) Google Earth - for final visualization in maps with satellite images. 
Data on household travel patterns reported and socioeconomic characteristics were obtained from the reported 
survey. The socioeconomic characteristics measured in the survey were: age, gender, educational level, occupation, 
and its study status. 
Start time, end time and length were obtained by both, GPS recorded and survey reported. Transport mode and 
socio-economic information of the respondents were obtained by the participants' reports. This enable to compare 
and obtain consistent information (Bohte and Maat, 2009; Lee and Wolf, 2010; Bricka et al, 2011; Houston et al, 
2011; Gong et al, 2012; Oliveira et al, 2011; Lee et al, 2012; Stopher et al, 2012). 
The 72 individuals considered in this analysis reported a total of 1117 trip legs as part of the travel survey. The 
GPS units carried by these individuals recorded a total of 988 trip legs. Trip leg refers to the displacement made 
using a specific transport mode.  
From the total of the 1225 trips legs collected by the GPS units, 237 was not valid because of problems of the 
technology: battery discharge (11%), loss of signal (38%) and trip legs too short (51%). Other 226 were discarded 
because of misunderstandings of the participants: trip legs not reported (52%), trip legs reported but did not exist 
(24%) and forgetting to carry with GPS (24%). Consequently, 762 trips legs (62% of total trips legs collected) were 
considered valid (matched trips).  
A trip between two activities might involve several trip legs with different modes of transport or changing 
between vehicles of the same mode. In order to obtain travel data the trip legs were combined into a single trip. A 
total of 505 valid trips were obtained. 
Table 1 presents the modal split of collected trips. The table shows that 70% of all trips are motorized: 51% are in 
cars, motorcycles or taxis, and 43% in public transport. Walking and cycling trips represents 30% of all the trips. 
The distribution follows a similar trend that observed in the last Home-Based Origin-Destination survey (Secretaria 
de Mobilidade Urbana de Porto Alegre, 2004). 
Table 1 Number of trips collected from each modal 
ID Trips Number of trips Definition 
Automotive 256 51% Automotive car, Motorcycle, Taxi 
Walk 154 30% Walk, Bike 
Transit 95 19% Bus, Small Bus, Train 
Total 505 100% - 
Table 2 shows the number of trips collected classified by purpose. Compulsory trips represent 31% of total trips; 
work trips 22% and study 9%. Non-compulsory are 69% of all the trips. They are classified into: (i) family/personal 
errands, (ii) shopping, (iii) social and recreational, (iv) health, (v) return home and, (vi) other purposes.  
Table 2 Number of trips by purpose 
Purpose Number of trips 
Compulsory trip 
Study 45 9% 
155 31% 
Work 110 22% 
Noncompulsory trip 
Family/personal errands 75 15% 
350 69% 
Shopping 94 19% 
Recreational 23 5% 
Health 6 1% 
Return home 147 29% 
Other 5 1% 
Total  505 100% 505 100% 
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Most trips took place in the central region of Porto Alegre, significantly in the avenues of the region. The Figure 1 
shows the displacements recorded by the GPS device. 
 
 
Figure 1 Displacements recorded 
Figure 2 shows a comparison between reported and recorded trips. Walking trips were more dispersed comparing to 
the others modes of transport. People´s perception of time on trips on foot has more mistakes than in others.   
 
Figure 2 Comparison between reported and registered trips 
2.2. Supplemental data 
Supplemental data of alternative transport modes was needed to estimate modal choice models. Model the 
traveler’s choice requires time and cost data about each possible mode of transport that the traveler had available for 
the trip. The final database combines GPS- recorded and survey-reported data (described in section 2.2) with 
additional information of time and cost of the alternative modes available for each trip. 
2.2.1. Car 
The estimation of travel time for car trips was based on trip distance and average speed. The trip distance was 
obtained through Google Maps application (Google, 2014). This is a web mapping service application that powers 
many map-based services, such as street maps and a route planner for traveling by foot, car, or public transportation. 
This application was used only to identify the route between the trip origin and destination and measure the travel 
distance. The shortest path between the given trip origin and destination was considered for each trip. 
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In order to account for congestion, the average speed of the road segments were obtained from the GPS data for 
different periods of the day (before, during e after morning/afternoon peak). The measured travel time is calculated 
along the identified route using the average speeds in the street network. 
The estimation of travel cost for car trips considered fuel and parking costs. Using current gasoline prices (ANP 
2013) and average gasoline consumption (INMETRO 2013) in Porto Alegre, the amount and cost of gasoline was 
calculated for each trip. Parking fees for different regions in Porto Alegre was obtained from a market survey 
conducted for this study. 
2.2.2. Walk 
According to the last Home-Based Origin-Destination survey (Secretaria de Mobilidade Urbana de Porto Alegre, 
2004), about 95% of walking trips are shorter than 2 kilometers. Therefore, the study considered walking as an 
available mode for the trip when trips are shorter than 2 km. As in car trips (section 2.3.1) Google map application 
was used to identify shortest routes and travel distance. The average walking speed was determined combining 
measures described in the literature (Fruin, 1971, Valdes, 1988) with GPS recorded data, stratified by gender and 
age.   
2.2.3. Transit 
In-vehicle travel time for transit trips was obtained from the operating companies. Porto Alegre's passengers 
urban transport is practically performed on buses. Bus lines available between each origin and destination pair were 
determinate combining Google Maps (Google, 2014) and PoaTransportes (Prefeitura Municipal de Porto Alegre, 
2014) applications. After identifying the most appropriate bus line for a trip, information from the monitoring of the 
Bus System Automatically Monitored (SOMA) provided by EPTC was used. Walking and waiting times were 
obtained from GPS recorded. The travel cost adopted is the urban bus fare in Porto Alegre. 
2.3. Variables and dataset 
Explanatory variables were divided into two categories: (i) socioeconomic variables related to individuals and 
their families, (ii) variables related to the trip. Socioeconomic attributes of individuals (age, gender, educational 
level) and their families (car availability) were obtained from responses to the survey. Attributes of the trips such as 
transport mode was obtained from the survey. Travel time that an individual undertakes on a given trip is available 
from two different sources – (1) Survey reported information and (2) GPS-recorded information. Table 3 presents 
descriptive statistics for all variables used in predictive models. 
Table 3 Descriptive statistics for the explanatory variables 
Variables Mean Std Desviation 
Socioeconomics 
Age (years) 31.00 13.61 
Male (1,0) 0.45 0.50 
Low educational level  (1: illiterate, 0:other) 0.00 - 
Middle educational level (1:elementary, high school comp/incomp, 0:other) 0.24 0.26 
High educational level (1:College or Higher Education comp/incomp, 0: other) 0.76 0.26 
Workplace (1:out; 0:home/do not work) 0.94 0.13 
Trips   
In-vehicle time Car (min) 12.72 12.10 
In-vehicle time Transit (min) 20.8 8.9 
Time Walk (min) 11.49 9.16 
Waiting time transit (min) 5.78 4.10 
Walking time transit (min) 6.89 5.24 
Cost  transit (R$) 2.85 0 
Cost Car (R$) 3.16 5.11 
Cost walk (R$) 0 0 
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3. Modeling Approach 
Discrete choice models were estimated to analyze the traveler’s mode choice using GPS- recorded data and 
survey-reported data by respondents in household interviews. 
The discrete choice models used in the modeling of transport demand are built according to the random utility 
theory (McFadden, 1974). Based on the principle of utility maximization, in which the decision maker is modeled by 
selecting the most useful alternative among those available at the time of choice. The analyst does not have complete 
information about the elements that each individual considers when making their choice. Therefore, the utilities are 
treated by the analyst as random variables (Ben Akiva and Lerman, 1995). Thus, the random utility of an alternative 
is expressed as the sum of the observable or systematic components (named Viq) and unobservable components 
(named İiq), according to equation (1) (Domencich and McFadden , 1972). 
௜ܷ௤ ൌ ௜ܸ௤ ൅ ߝ௜௤                                                                                                                    (1) 
The random component becomes necessary in order to capture any deficiencies in the specification of unobserved 
attributes, measurement errors, differences between individuals, incorrect perceptions of attributes and randomness 
inherent to the human nature (Manski, 1977).  
The specification of the model requires the specification of Viq as well as the assumptions about the joint 
distribution of the random component ڙiq. Different assumptions about the probability distribution adopted for the 
random component ڙiq leads to various models of discrete choice (Ortúzar and Willumsen, 2011; McFadden, 2000). 
The multinomial logit (MNL) (McFadden, 1974) is one of the simplest models of discrete choice and also the 
most used. It is based on the assumption that the random term ڙiq of the utility function is identically and 
independently distributed according to a Gumbel distribution (Extreme Value Type I). This assumption for the 
distribution of residuals is rather simplistic, once they depend on the hypothesis of independence and 
homoscedasticity of the residues (Ben-Akiva, Bierlaire, Walkers, 2003).  
The traditional way to capture heterogeneity of preferences in discrete choice models has been the inclusion of 
systematic variations of preferences, which consists in the introduction of interactions between the attributes of the 
alternatives (travel time, cost, etc.) and the socioeconomic characteristics of individuals (Train, 2009; Ortúzar and 
Willumsen, 2011; Cherchi and Ortúzar 2003). However, there are factors influencing preferences that are 
unobservable or difficult to measure. In recent years, the use of mixed logit - ML (Ben Akiva and Bolduc, 1996, 
Brownstone and Train, 1999), has been increasing, allowing the incorporation of variations in unobservable 
preferences. These models imply a independently and identically distributed random term according to a Gumbel 
distribution - as well as the MNL -, but with an additional random component, which permits to work with greater 
flexibility. Depending on the assumptions considered on the various random terms it is possible to model correlation 
and heteroscedasticity (Brownstone and Train, 1999). 
In order to characterize the heterogeneity of individuals more accurately, Bhat (1998) proposed an approach that 
allows the consideration of the existence of heterogeneity, both systematic and random. Thus, mixed models with 
systematic variation preferences began to be studied.  
In this work various structures of discrete choice models were tested in order to verify changes in the tastes of the 
individuals that make up the sample, better agreement of the model to the data collected and seeking to represent the 
most appropriate choice behavior.  
In all structures linear in parameters utility functions were used, the usual practice in modeling transport demand 
(Ben Akiva and Lerman, 1995). The model structures tested were: (i) multinomial logit, (ii) multinomial logit 
incorporating systematic variation of tastes, (iv) mixed logit error component, (v) mixed logit error component 
incorporating systematic variations of tastes, and (vi) ) mixed logit error component with random coefficients, 
incorporating systematic variations of tastes . These models are described below. 
Initially simpler structures were tested, which estimated MNL models. The MNL considers the estimated 
parameters for the various fixed variables, which are the same for all individuals. Subsequently, multinomial logit 
models were estimated incorporating systematic variations according to individual characteristics of the respondents. 
Systematic variations were incorporated in relation to the respondents’ occupation, gender and age. The inclusion of 
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these systematic variations allowed the study of the effect of variations in the mode choice within the different 
categories of respondents defined.  
It is reasonable to assume that the responses of the same individual in a two-day survey may be correlated, which 
is called Panel Effect. MNL models do not represent this effect, so it is necessary to include an additional term that 
represents the panel effect. Thus, mixed logit error component (ML) models have been estimated to represent this 
effect. Error component models are called in this way because the error (the random component of utility) is divided 
into two parts: one random part, which can follow any distribution, including the normal one, and the independently 
and identically distributed according to the Gumbel distribution (the same one that originated MNL models). 
Taste’s variations of individuals were added to the ML models. Terms were included in the utility function to 
represent the correlation between responses from the same individual (panel effect) and heterogeneity among 
individuals (systematic variations of tastes).  
Finally, models to capture the measurement error for the variable Time in-vehicle in survey-reported data were 
analyzed. Thus, mixed logit error component with random coefficients (ML3) models have been estimated. The 
random coefficients models allowed the coefficients of survey-reported Time in-vehicle to vary within the 
population, following a given probability distribution. The distribution assumed for the time coefficient was normal 
and log normal. 
4. Estimation results 
The model estimation was performed using the software Biogeme 2.2 (Bierlaire, 2003). Table 4 and table 5 
present the results for modal choice models. Table 4 summarizes the results for models using GPS-recorded data and 
table 5 for models using survey reported data, from the most restrictive to the more general formulations. That is: 
(i) multinomial logit model ( MNL1-GPS-recorded and MNL3-survey-reported models);  
(ii) multinomial logit model incorporating socioeconomic variables in interaction with the attributes of time and cost 
(systematic taste variations) (MNL2-GPS-recorded and MNL4- survey-reported models);  
(iii) mixed logit model error components, with panel effect, incorporating socioeconomic variables in interaction 
with time and cost attributes (systematic taste variations) (ML1- GPS-recorded and ML2- survey-reported models);  
(iv) mixed logit model error components, with panel effect and random coefficients, incorporating socioeconomic 
variables in interaction with time and cost attributes (systematic taste variations). The distribution assumed for 
the time coefficient was normal (ML3- survey-reported model) and log normal (ML4- survey-reported model).  
Table 4- Modal choice models using GPS-recorded data 
 MNL1 MNL2 ML1 
Variables Coefficients p-value Coefficients p-value Coefficients p-value 
Trip       
Cost -0.043 0.070 -0.229 0.000 -0.985 0.000 
Walking time (min) -0.074 0.070 -0.0853 0.060 - 0.000 
Waiting time (min) -0.110 0.100 -0.121 0.060 -3.37 0.000 
In-vehicle time  (min) -0.043 0.010 -0.0457 0.010 -0.0810 0.060 
Socioeconomics       
Cost*Age - - 0.005 0.000 0.0188 0.010 
Cost*Ocupation_Self-employee  - - 0.132 0.010 0.383 0.000 
Car constant  -0.474 0.190 -0.545 0.140 -7.14 0.000 
Walk constant 0.426 0.280 0.425 0.290 -5.37  
Sigma panel - - - - 2.86 0.000 
 - - Draws = 1000 
 No. Observations = 505            
Log likelihood= 
- 279.342 
Pseudo-R2= 0.108 
No. Observations = 505              
Log likelihood= 
-272.308 
Pseudo-R2= 0.124 
No. Observations = 505             
Log likelihood= 
-103.450  
Pseudo-R2= 0.631 
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Table 5- Modal choice models using survey-reported data 
 MNL3 MNL4 ML2 ML3 ML4 
Variables Coefficients p-value Coefficients
p-
value Coefficients
p-
value Coefficients 
p-
value Coefficients
p-
value 
Trip           
Cost -0.037 0.100 -0.210 0.000 -0.844 0.000 -1.150 0.000 -0.900 0.000 
Walking time (min) -0.061 0.140 -0.0713 0.110 - - - - - - 
Waiting time (min) -0.113 0.120 -0.120 0.090 -2.99 0.040 -3.340 0.000 -3.320 0.000 
In-vehicle time  (min) 0.011 0.260 0.008 0.380 0.013 0.690 -0.010 0.770 -7.490  0.020 
In-vehicle time Standart 
D.  (min) - -  -  - -0.092 0.010 -2.410 0.050 
Socioeconomics           
Cost*Age - - 0.005 0.000 0.017 0.000 0.024 0.000 0.018 0.000 
Costo*Ocupation_Self-
employee  - 
- 
 0.113 0.001 0.278 0.190 0.353 0.010 0.311 0.000 
Car constant  -0.331 0.39 -0.371 0.340 -5.790 0.250 -6.800 0.000 -6.390 0.000 
Walk constant 0.181 0.660 0.204 0.630 -4.710 0.300 -5.140 0.000 -5.220 0.000 
Sigma panel - - - - -2.66 0.000 -3.050 0.000 -2.820 0.000 
 - 
No. Observations = 
505            
Log likelihood= 
-285.452  
Pseudo-R2= 0.089 
 
- 
No. Observations = 
505               
Log likelihood= 
-279.441  
Pseudo-R2= 0.102 
Draws = 1000 
No. Observations = 
505               
Log likelihood= 
-107.062  
Pseudo-R2= 0.619 
Draws = 1000 
No. Observation = 
505      
Log likelihood= 
-105.813 
Pseudo-R2= 0.620 
Draws = 1000 
No. Observation = 
505      
Log likelihood= 
-106.926 
Pseudo-R2= 0.617 
 
The results reported in table 4 (models using GPS-reported data) indicate that Cost, Walking time, Waiting time 
and In-vehicle time  are significantly different from zero in all models (90% confidence). The signs of the coefficient 
of these variables are negative, as expected, meaning that the utility of an alternative decreases with an increase in 
travel time and cost. Also, the results from table 4 show that models with interaction of socioeconomic variables 
with cost (MNL2 and ML2) present better fit than the simplest one (MNL1). As expected, the positive sign of the 
interaction between Cost and Age indicates that younger people are more sensitive to cost. Also, the positive sign of 
the interaction between Cost with Ocupation_Self-employee indicates that self-employees are less sensitive to cost.  
The models using survey-reported data (table 5) present worse fit than the analogous models using GPS-recorded 
data (table 4). The results reported in table 5 (models using survey-reported data) indicate that Cost and Waiting time 
are significant different from zero in all models (85% confidence). However, the coefficient estimated with survey 
reported data for In-vehicle time is positive and not significant.  
Considerations about the influence of socioeconomic variables in the mode choice are similar to those mentioned 
in the previous analysis (table 4). Models with interaction of socioeconomic variables with cost (MNL4, ML2, ML3 
and ML4) present better fit than the simplest one (MNL3). The interaction between Cost and Age is positive 
indicating that younger people are more sensitive to cost. The interaction between Cost with Ocupation_Self-
employee is also positive, indicating that self-employees are less sensitive to cost. 
The models estimated with GPS data showed greater significance due to less measurement error. As it increases 
the complexity of the models, the adjustment of models with survey-reported data becomes similar to those 
estimated with GPS data. In the simpler structures tested, MNL models, the fit of models with GPS data improved in 
21% (= 0.108/0.089 -1 for the basic models and = 0.124/0.102 -1 for the models including systematic taste 
variations). The inclusion of an error component and random coefficients, to capture correlation between individuals 
and the measurement error for survey-reported data, reduced the difference in fit. In these models, the adjustment 
improved in 2% (= 0.631/0.620 -1). 
The results obtained for the models with GPS data are consistent with microeconomic theory and presuppositions. 
However, this does not happen with the reported data models’ results. The coefficient estimated with survey reported 
data for In-vehicle time is positive and not significant, opposite than expected. The self-reported data is less precise 
due to respondents under / overestimation of travel times. 
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5. Conclusion 
This study, performed in Porto Alegre, evaluate the influence of the accuracy of travel information - GPS-
recorded compared to survey-reported - in travel demand models. The results showed that GPS technology collects 
the travel patterns more precisely reducing the bias by collecting data from short trips not reported in traditional 
surveys. The models estimated with GPS data showed greater significance due to less measurement error.  
The cost of processing GPS information must be considered. An adequate modeling with self-reported data, by 
more complex models incorporating heterogeneity and correlation among individuals, allowed an equivalent 
adjustment to those estimated with GPS data. In the simpler structures tested, MNL models, the model’s fit with 
GPS data improved in 21%. The inclusion of an error component and random coefficients, to capture correlation 
between individuals and the measurement error for survey-reported data, reduced the difference in fit to 2%.   
The results obtained for the models with GPS data are consistent with microeconomic theory and presuppositions. 
However, this does not happen with the reported data models’ results. The coefficient estimated with survey reported 
data for In-vehicle time is positive and not significant, opposite than expected. The self-reported data is less precise 
due to respondents under / overestimation of travel times. Models with larger samples may reduce this effect an 
provide more consistent results. 
Future research could involve the development of more complex choice models to explain other margins of 
transport choice (e.g. the decision to own a car), and the accuracy of travel information - GPS-recorded compared to 
survey-reported - in travel these models.  
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